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by Jitendra Dattatray Bhanap
Equity Default Swaps are quasi credit financial instruments first introduced in
2003. With the 2008 financial turmoil in the credit markets, credit derivatives
have attracted the attention of investors and regulators and have drawn concerns
regarding their pricing opacity and complexity. Defaults and default correlation
are not directly observable making credit derivatives modeling and pricing a chal-
lenging area. As against this the underlying variable in equity default swaps
(equity prices and their correlations) are directly observable in the markets. The
Equity Default Swap could prove be a valuable component in the area of credit
derivatives and would make a powerful balancing complement to credit default
swaps market.
In this thesis, for the first time the pricing of equity default swaps through two
major approaches, the structural approach and the equity pricing model have
been empirically tested with actual observed equity default swaps market data.
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The credit derivatives market has grown significantly over the last few years and
now exceeds both the equity derivatives and the corporate bond markets in no-
tional amount outstanding.
A 2004 survey by the British Bankers Association (BBA) had estimated credit
derivatives notional to reach USD 8.2 trillion by 2006 [4]. The 2006 survey es-
timated that by the end of 2006 the total notional outstanding will be USD 20
trillion. According to the BBA, in 2006, global financial institutions estimated
that by the end of 2008 the global credit derivatives market would have grown to
USD 33 trillion. The market expects continuation of this growth.
Complexity and diversity of credit derivatives products on offer have exploded
in addition to increase in the notional amount outstanding. Some of the new
innovations are equity linked credit products, credit default swaptions, tranched
portfolio products and zero-coupon equity tranches. Figure 1.1 shows the growth
of the market and figure 1.2 shows the share of various credit derivatives in the
overall market.
1
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Figure 1.1: Credit Derivatives Market Source: British Bankers Association
Figure 1.2: Credit Derivative Products Source: British Bankers Association
Credit Derivatives are financial instruments that are used to trade and hedge credit
risk, which in the process, is separated from other features of a financial instrument
[5]. A credit derivative is so named because it is derived from the existence of an
underlying credit asset or risk, for example a corporate or sovereign bond.
Generally speaking, a credit derivative is a financial swap that derives its value
from an underlying credit risk.
There are various types of credit derivatives commonly used, although many other
structures are still evolving. The basic types are as follows:
• Credit Default Swap
• Total Return Swap
• Credit-Linked Note
• Nth-to-default basket swap
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• Index Swap
• Collateralized Debt Obligations (CDOs)
• Credit Default Swaptions
• Equity Default Swaps (a quasi credit derivative)
Most of the above are derived from the Credit Default Swap which is the most
basic building block of Credit Derivative instruments. Recently, quasi-credit or
credit-like instruments such as the Equity Default Swap have been introduced in
the market. In the recent credit crisis, much attention has been focused on credit
derivatives particularly the credit default swap and its associated products such as
Nth-to-default basket swaps. Global investors and regulators have been perplexed
by the extreme complexities of these products. Particularly disturbing have been
the large magnitude of volatility in the prices of these products, driven not by
actual default but by unobserved parameters such as probability of default and
correlation of default probability between various credit assets. The inclusion of
equity default swaps which is a credit-like instrument can play a vital role in bring-
ing about more objectivity and transparency in the pricing of credit derivatives
particularly correlation products such as CDOs.
In this thesis I explore, investigate and analyze the various approaches to pricing
equity default swaps, compare the results empirically with market data and sug-
gest a suitable approach for the pricing of these instruments.
In Chapter 2, I discuss Credit Default Swaps and Equity Default Swaps. I explain
the basic concepts and introduce the various mathematical modeling approaches
to pricing Equity Default Swaps.
In Chapter 3, I investigate Structural Credit Models proposed for pricing both
equity default swaps and credit default swaps. The relative merits and demerits
of each are briefly discussed to select an appropriate model for empirical analysis.
In Chapter 4, I discuss and analyze two equity price models proposed for pricing
equity default swap to select a suitable model for further empirical analysis.
In Chapter 5, I present some empirical results from extensive analysis on equity
price analysis by Standard and Poor’s which has a strong bearing on the pricing
of Equity Default swaps and the choice and calibration of model parameter later
in our empirical analysis.
In Chapter 6, structural credit models are empirically analyzed, results presented
and discussed.
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Chapter 7 deals with the empirical analysis of the selected equity price model.
Details of the analysis and results follow.
In Chapter 8, I collate the analysis and results and draw conclusions relating to
the suitability of the model and make suggestions as to the approach to be adopted
for pricing equity default swaps.
Chapter 2
Credit Default Swaps and Equity
Default Swaps
The credit derivatives market is dominated by a credit derivative instrument called
the Credit Default Swap (CDS). The credit default swap is the building block of
more complex credit derivatives such as Nth-to-default baskets and Collateralized
Debt Obligations (CDOs). Recently, the market has also seen the introduction
of Equity Default Swaps, which are credit-like instruments or quasi credit in-
struments. Although a credit default swap is a pure credit instrument, in that, it
enables an investor to hedge default risk, an equity default swap (EDS) has credit-
like characteristics. Credit default swaps have grown by leaps and bounds over
the years. EDS however, initially grew quickly, then was overshadowed by CDS. I
analyze in detail later, some of the key factors that caused this. Its inherent hybrid
credit-equity characteristics can make it a transparent and useful complement to
the CDS and can become a an important piece of the credit derivatives market.
Before we delve in to the pricing and empirical analysis of EDS, I present below
the basics of both CDS and EDS.
5
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2.1 Credit Default Swaps
2.1.1 What is a Credit Default Swap
A credit default swap is a bilateral contract where one counterparty buys default
protection or insurance with respect to a reference credit entity. A CDS transfers
credit risk from one part to another.
Under a typical credit default swap, the buyer of default protection pays to the
seller a regular premium (the premium leg), which is specified at the beginning
of the transaction. These fixed premium cash flows, expressed as a percentage
of the underlying notional amount are referred to as the CDS Spread [5]. If no
Credit Event, such as default, occurs during the life of the swap, these premium
payments are the only cash flows. Like many other types of swaps, there is no
exchange of underlying principal. Following a credit event, the protection seller
makes a payment to the protection buyer (the contingent leg). This payment can
take the form of a physical exchange between the buyer and seller (the protection
seller provides the seller any qualifying debt instrument) or it may be a market
determined cash settlement. The recent trend is for market determined cash set-
tlement where the protection seller will pay the protection buyer a cash amount
equivalent to (1− δ) where δ denotes the recovery rate on the reference entity. As
per current practice, δ is determined by polling a group of dealers for prices on
the defaulted securities. The recovery rate δ is made available to the market.
2.1.2 Pricing of Credit Default Swaps
Several models have been proposed to model the credit default process of a firm.
These include:
• Structural Credit Models
• Reduced Form Models
• Jump Diffusion Models
We examine some of these pricing models in Chapters 3 and 6 and evaluate how
well they fit market data. As the Credit Default Swap market has grown to be
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a large and liquid market, dealers quote CDS spreads for almost 7000 corporate
and sovereign reference entities on a daily basis. In this scenario, credit default
swaps are simply valued using the dealer quotes from the market. As explained
in the previous section, a default swap consists of two legs, one corresponding to
the premium payments and the other to the contingent default payment. The
present value of a default swap can be viewed as the sum of the present value of
its two legs. The market premium or CDS spread is similar to an interest swap
in that the premium makes the current net PV equal to zero. Since these cash
flows may terminate at an unknown time during the life of the deal, we compute
their value in a probabilistic sense [5], using the discounted expected value. the
premium leg can be written as the sum of the premiums paid by the protection





premiumt ·DFi · (1− pi) (2.1)
where DF is the discount function and p is the risk-neutral probability of default
up to time i
The default leg PV will be the discounted sum paid by the seller of credit protec-
tion, in case of a credit event. It is therefore weighted by the marginal probability
of default. It is further assumed that a credit event (default) can occur only on a
series of discrete dates.
PV defaultleg = (1− δ) ·
n∑
i=1
(pi − pi−1) ·DFi (2.2)
where δ is the recovery rate. By imposing the equality between the two legs, we
can solve for the premium:
premiumT =
(1− δ) ·∑ni=1(pi − pi−1) ·DFi∑n
i=1 DFi(1− pi)
(2.3)
2.2 Equity Default Swaps
An Equity Default Swap is a credit-like instrument which offers an equity-triggered
alternative to Credit Default Swaps. Equity Default Swaps are structured to be
just like CDS, but with two main differences. First, the trigger event is the stock
price hitting a very low barrier level (rather than a “Credit Event”). Second the
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recovery rate δ is fixed. Why do we say credit-like? Merton [6] argued that equity
is a call option on the assets of the firm with strike price equal to the outstanding
debt. This is because if a firm defaults, equity holders get a payoff equal to the
assets of the firm less the debt repaid to debt holders. If the value of a firm’s
assets fall, it has less to repay debt holders in case of default. This potentially
makes equity holders worse off and the stock price begins to fall to reflect the
lower expected payoff in event of default. Falling asset value of a firm shows credit
impairment (falling credit quality) as it indicates a declining ability of the firm to
service its debt. Therefore declining credit quality causes the stock price to fall.
The stock price continues to fall as credit quality declines until the firm defaults.
At default, the stock price becomes near zero. In an equity default swap, the
option gets exercised when the stock prices hits a very low barrier usually 30%. A
70% fall in equity price indicates impaired credit quality and therefore the equity
default swap is a quasi credit derivative or credit-like instrument. We will gain
insights later into what quantum of fall in equity price is the threshold between
normal equity price volatility and credit impairment.
The Equity Default Swap was introduced to the financial markets by JPMorgan
[7] and is designed to be a credit-like instrument. The protection buyer makes
periodic (usually quarterly) spread payments that are a fixed percentage of the
notional to the protection seller for a fixed tenor (usually 5 years) or till a default
event takes place. The default event is defined as the price breaching a barrier
(usually 30% of the initial price) whereupon all further periodic payments by the
protection buyer stop and the protection seller makes a fixed payout (usually 50%
of the notional) to the protection buyer. The protection buyer is basically long a
deep out of the money American digital put option on the stock with the barrier
set at 30% of the initial price. The digital payoff is 50% of the notional value of
the contract and the premium is paid in quarterly default contingent payments.
As explained, although the EDS is an equity option, the instrument has credit-like
characteristics and is a quasi credit derivative.
The Equity Default Swap initially gained popularity with traders and investors as
a capital structure arbitrage play. As the EDS spreads in the market were several
multiples of the CDS spreads, traders attempted to arbitrage the capital structure
by selling EDS and buying CDS or multiples of CDS. For example, selling EDS on
XY Z Corp and buying CDS on 3 times the notional. The position earns a positive
carry so long as EDS Spread > 3× CDS spread. If the firm defaults, the equity
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price would hit the barrier of 30% and become zero. The trader would have to pay
out 50% of the notional on the EDS but receive 3 times Notional × (1-Recovery
Rate). The trader of course takes the risk that an equity default event takes place
but the firm remains solvent. The carry in the trade is attractive however and the
hedge on the CDS is used to compensate any mark-to-market losses. The EDS was
overshadowed by CDS however, and the contributing factors were limited market
particpants and illiquidity as only a few banks had the ability to make markets
and limited market participants.
In comparison the CDS market grew by leaps and bounds aided by a large number
of participants entering the market as both protection buyers and sellers, high
liquidity, demand from banks seeking capital relief and from insurance companies
seeking premium. The EDS market was eclipsed by the strong growth of the CDS
market. Credit default swaps made their way into more complex structured credit
products such as Nth to default baskets and synthetic CDOs.
With the recent sub-prime crisis and financial turmoil, attention has turned toward
structured credit and its underlying instrument, the credit default swap. Regu-
lators and investors have been perplexed to discover the complexities of pricing
credit default swaps and their associated correlation products, the Nth-to-default
basket swaps and synthetic CDOs . Synthetic CDOs suffered from a sudden surge
in implied correlation in the index tranches causing mark-to-market to suffer steep
falls. Markets woke up to the fact that synthetic structured credit is exposed to
unobservable default rates, default correlations and stochastic recovery rates and
this made the structures extremely difficult to model and price. In light of this,
the equity default swap makes for a promising alternative in the form of observable
equity prices, equity price correlations and fixed recovery rate. While the EDS can
never completely replace the CDS, it makes for a promising complement in the
credit space providing quasi credit characteristics in a more transparent manner.
While credit default swaps will remain the dominant instrument for single name
risk transfer, equity default swaps are a better candidate in CDOs for the above
mentioned reasons.
2.2.1 Equity Default Swaps Pricing
Structural credit models and equity price models have been proposed in the lit-
erature for pricing equity default swaps. Among the structural models proposed
Chapter 2. Credit Default Swaps and Equity Default Swaps 10
are:
• The Merton model
• The Leland and Toft model
• Jump diffusion models






Of these the CEV model and the CGMY model have been used for deriving ana-
lytic expressions for EDS spreads. In Chapter 3, we will look at these models in
some more detail.
Chapter 3
Credit Models for Pricing Equity
Default Swaps
3.1 Credit Models and types
Models pricing credit risk fall broadly into three categories:
1. Structural Credit Models
2. Reduced Form Models
3. Jump Diffusion Models
In the structural models, the market value of a firm’s assets is usually modeled
and a firm defaults when its asset value hits a barrier. As equity can be viewed
as an option on the firms’s assets, the equity value of a firm is a function of its
asset value. Therefore, structural models provide a natural framework to price
equity-credit hybrid derivatives such as EDSs. Structural models of credit risk use
a diffusion process to model the evolution of firm value. We examine the use of the
Merton model [6] and the Leland-Toft model as proposed by Medova and Smith [8]
In the Reduced form approach, firm value is not modeled. Rather the evolution
of risky rates over the riskless rates (credit spreads) is modeled. In other words,
reduced form models try to model the evolution of credit spreads independently
11
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of the firm’s asset value. Example of reduced form models are Litterman and Iben
[9], Duffie and Singleton [10], and Jarrow, Lando and Turnbull [11]. Although the
attractive property of the reduced form approach is model tractability, there is no
linkage between firm (equity) value and default and as such have limited appli-
cability to pricing Equity Default swaps. We therefore do not consider Reduced
Form models for empirical analysis.
A third approach taken is jump diffusion structural credit models. This is simi-
lar to the structural credit models mentioned above with the key difference being
that the diffusion process used to model the evolution of the firm value has jumps.
Zhou [12] proposed a jump diffusion process for the asset price. With this char-
acteristic, a jump-diffusion model may be better able to explain the higher credit
spreads observed in corporate bonds as compared to pure structural models and
the model is also consistent with many other empirical observations in credit risk
literature. For our purposes of empirical analysis, however , with jump diffusion
models, we have the practical difficulty of extracting the firm value (asset value)
and asset volatility from observed equity market prices and implied volatilities.
The model does not naturally lend itself to empirical testing using equity market
data.
The Merton model and the Leland & Toft model approach as outlined by Medova
and Smith are the only credit models that can be calibrated from the market equity
price and volatility data and we choose to test these models for our empirical
analysis. We now look at these two models in more detail:
3.1.1 Merton’s Model
Merton (1974)[6] provides a simple model of the firm that provides a way of relating
credit risk to the capital structure of the firm. In this model, the total value of
the firm is equal to the total value of its assets Vt. This asset value is assumed to
follow a lognormal diffusion process with a constant volatility. The firm is assumed
to have issued only two classes of securities. The equity receives no dividends and
has market value St. The debt is a pure discount bond where a payment of D is
promised at time T. The market value of the debt is B. These claims reflect on
the asset value of the firm.
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At time T the debt matures and if the asset value Vt exceeds the the promised
payment D, the debt holders are repaid the debt principal amount and the equity
holders receive the residual asset value. If the asset value is less than the promised
payment the firm defaults, the debt holders receive a payment equal to the asset
value and the equity holders get nothing.
In the Merton model the payment to the equity holders at time t is St = max[Vt−
D, 0] where Vt is total assets of the firm at time t and D is the total debt due to
debt holders at time t.
This shows that the equity is a call option on the assets of the firm with strike
price equal to the promised debt payment. The current equity price is therefore:










t; d2 = d1 −
√
t (3.2)
σ is the volatility of the asset value and r is the risk-free interest rate. Define
D∗ = De−rt as the present value of the promised payment and let L = D∗/V0 be
a measure of leverage. Then equity value is:









td2 = d1 − σ
√
t (3.4)
Since the equity value is a function of the asset value we can determine the in-









We can now solve (3.3) and (3.6) simultaneously to get asset volatility σ and asset
price Vt for any company for which we have total debt, equity price and equity
volatility.
This is the real beauty of the Merton model. Starting from parameters easily
observable in the market we can extract the asset value and asset volatility of
a given firm. This is not always the case with other structural credit or jump
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diffusion models. The Merton model, although simplistic in its assumptions, lends
itself easily to empirical analysis. We therefore use the Merton model for pricing
equity default swaps.
Hull, Nelken and White [13] derived an analytic expression for extracting implied
credit spreads from the Merton model. We also compute the implied credit spreads
in our empirical tests and compare them with market CDS data.
3.1.2 Leland and Toft Model
In the Leland and Toft model [14], the firm is assumed to continually issue bonds
with an initial time-to-maturity T < ∞ at a rate (F/T ). The bonds pay a con-
tinuous stream of coupon payments at a rate of c per unit face value, but the firm
receives tax benefits on these coupons at a tax rate tax. At the time of default,
the firm experiences default cost of αV B and all debt-holders receive the same
fraction of par amount. Thus it is a model with many moving parts. Given this
capital structure, the value of a firm’s equity is given by:




















(1− α)β − c
r
)
FJ(Xt, T ) (3.7)
Details of the assumptions and parameters are provided in Chapter 6.
There are two broad methods of calibrating structural models to equity data,
the traditional approach and the maximum likelihood estimation approach. In
the traditional approach, adopted by Medova and Smith, equations that link the
structural variables to observable variables are derived and then solved simulta-
neously. Since there are three unobservable variables (the value of the reference
firm’s assets Vt, the asset volatility σ and the net payout rate δ, three equations
are needed. One equation is provided by 3.7, so two more are required. In the
Leland-Toft model, a firm’s equity value is seen to be only a function of the firm’s
asset value:
St = S(Vt) (3.8)
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S are the time t dividend yield and equity volatility respectively.




















As we now have three equations linking the unobservable structural variables to
observable variables from the equity market, we can find out the asset value, asset
volatility and net payout rate of the firm. Thus the Leland and Toft model also
lends itself easily to empirical analysis for pricing credit and equity default swaps.
3.1.3 Choice of Models for Empirical Analysis
We choose the Merton Model and the Leland and Toft model for further empirical
analysis as these models model the firm value directly and because the unobserv-
able structural parameters can be obtained from observable equity market data.
We exclude the Reduced Form approach from our further tests as they do not
model the evolution of firm value but rather credit spreads independently of firm
value. While the Reduced Form approach may suit pricing of risky bonds, it is not
geared to price equity default swaps. We also exclude the jump diffusion struc-
tural credit models because we cannot extract the structural variables from equity
market data.
Chapter 4
Equity Price Models for Pricing
Equity Default Swaps
4.1 Diffusion Processes for Modeling Equity Prices
We broadly look at four categories of diffusion processes:
• Constant Volatility
• Constant Elasticity of Variance
• Stochastic Volatility
• Jump Diffusion
4.1.1 Constant Volatility Diffusion Processes
This is the familiar Black-Scholes diffusion process of the form:
dSt = µStdt+ σStdWt (4.1)
where µ is the drift, σ is the constant volatility and dWt is standard Brownian mo-
tion. While the Black-Scholes diffusion equation is extensively used for modeling
short dated options with nearer strikes, it is not a suitable model for pricing eq-
uity default swaps. As St gets closer to zero, the term σStdWt becomes extremely
16
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small causing the increment dSt to become very small. This means the process
cannot be absorbed at zero or in other words, the Black-Scholes diffusion does not
allow for default as the stock price cannot go to zero. The other drawback of the
Black-Scholes process is constant volatility even as the stock price drops. This is
not observed in actual practice.
In markets we observe that volatility rises as equity price drops and vice versa.
The Black-Scholes diffusion process fails to capture this empirical fact. Therefore
the Black-Scholes process is not in our consideration for empirical analysis.
4.1.2 Constant Elasticity of Variance Process
Now , the constant elasticity of variance (CEV) process of Cox [15]
dSt = µStdt+ σS
β+1
t dW t ≥ 0, S0 = S(0) > 0. (4.2)
where dW is a Wiener process, σ is the volatility, and β is the parameter of
elasticity. In CEV process, volatility rises as stock price drops and vice versa
fitting the empirically observed fact. Albanese and Chen [16] use a credit quality to
equity price mapping so that information in the credit markets is imparted into the
equity process. Once mapped into an equity option model, they found that their
model leads to a local volatility profile similar to a CEV process. By calibrating
a CEV local volatility pure diffusion process model with absorption at zero to
single-name at-the-money implied equity option volatilities, they found EDS:CDS
ratios could be as large as 8:1 which was close to the empirical observations. As
the credit quality to equity mapping resulted in a diffusion process corresponding
to a CEV type local volatility surface, the CEV model is of the greatest interest to
us. Albanese and Chen derive an analytic expression for pricing an EDS using the
CEV process. Figure 4.1 shows a typical stock price vs historical volatility plot.
In our empirical analysis covered in Chapter 7 , we analyze and calibrate the CEV
process numerically using simulation.
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4.1.3 Stochastic Volatility Processes
We consider two stochastic volatility models commonly mentioned in option pric-





where νt the instantaneous variance is given by:
dνt = κ(θ − νt)dt+ ξ√νtdWtν (4.4)
where dWt
S and dWt
ν are Wiener processes with correlation ρ.
The parameters in the above equations represent the following: µ is the rate of
return of the asset, θ is the long vol, or long run average price volatility; as t tends
to infinity, the expected value of νt tends to θ. κ is the rate at which νt reverts
to θ. ξ is the vol of vol, or volatility of the volatility; as the name suggests, this
determines the variance of νt. The other frequently used model used in option
pricing literature is the SABR model or the stochastic alpha beta rho model of




dσt = ασtdZt (4.6)
dWt and dZt are two correlated Wiener processes with correlation ρ. As can be
seen, the CEV process is actually a special case of the SABR model when α = 0.
Both the Heston model and the SABR model have been used extensively in the
pricing of options as the stochastic volatility component generates the smile risk
empirically evident in the options market. SABR is also used extensively in the
interest rate derivatives market for its ability to predict the volatility smiles once
calibrated. These models can be forced to model credit risk by calibrating the
model parameters to observed CDS prices. However the models have not been
determined to fit a credit quality to equity price mapping exercise unlike the CEV
process and thus has limited interest to us as candidates for empirical analysis of
EDS or CDS pricing.
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4.1.4 Jump Diffusion Processes
There is also considerable literature on jump diffusion processes. In jump diffusion
processes, jump components are introduced in diffusion processes. Linetsky and
Mendoza [1] have recently used the Linetsky-Carr jump to default CEV model
(JDCEV) which is basically a CEV model that incorporates jumps. According
to Linetsky and Mendoza, this model produces EDS:CDS ratios which better fit
empirical data. It also models unexpected defaults unlike a pure CEV process of
the Albanese-Chen type. Also unlike the pure CEV model, where the EDS spread
for an extremely short tenor would be zero (as there is no jump to default), in
the JDCEV model, EDS spreads even for a very small tenor start at one half
the default intensity, so the EDS spreads will not be zero even for an extremely
short tenor. For higher volatility situations, the EDS spreads in the JDCEV are
extremely high for short tenors compared to CDS spreads. Figure 4.2 shows the
terms structure of EDS spreads with the CEV model vs. the JDCEV model.
The term structure of credit spreads generated by the JDCEV model does not
concur with empirical observations of equity default events (Equity price falling
by 70%). Standard & Poor’s (S &P)conducted an extensive analysis of actual
observed equity default events, called Equity Event Probabilities, or EEPs by S
&P (Chapter 5). The term structure of EDS spreads with the JDCEV model as
shown in Figure:4.2 does agree with empirical analysis shown in Figure :5.1.
Asmussen, Madan, and Postorius propose using the CGMY Le´vy model for pricing
equity default swaps [2]. The CGMY process was introduced by Carr, Geman,
Madan and Yor (2002) and is a pure jump Le´vy process. Asmussen, Madan, and
Postorius compute the EDS spreads for two firms Ford and General Motors in
their study and find that the modeled EDS spreads (30% barrier) are actually far
lower than the observed market CDS spreads. An EDS spread at a 30% barrier
should obviously be higher than a CDS sread (which is equivalent to an EDS with
0% barrier)(See Figure 4.3).
This happens as the CGMY process never hits zero [1] and therefore excludes de-
fault. If one were to set the EDS barrier at 0% instead of 30% the model would
arrive at zero CDS spreads as default would never take place. We therefore exclude
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this model from our empirical analysis.
4.1.5 Choice of Models for Empirical analysis
The CEV model fits empirical data as regards the behavior of local volatility with a
drop(rise) in equity prices. Albanese and Chen also showed that a credit quality to
mapping results in a local volatility surface that corresponds to the CEV process.
they also found that the CEV process results in EDS:CDS spreads that seem to
better fit empirical market observations. We do a thorough analysis of the CEV
process and test it with market EDS and CDS data. Although Albanese and
Chen provide an analytic expression for EDS using the CEV model, we analyze
the model using numerical simulation. Although computationally intensive this
gives us a large degree of control and allows us to explore the finer nuances and
characteristics of the CEV process in greater detail.
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Figure 4.1: Stock Price vs. 90 Day Historical Volatility for Apple Inc. Source:
Bloomberg
Figure 4.2: Term Structure of EDS Spreads under the CEV and JDCEV
model(Source:[1])
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Figure 4.3: Ford Motor CDS vs EDS under the CGMY Model(Source:[2])
Chapter 5
Empirical Analysis of Equity
Default Events
5.1 Standard & Poor’s Analysis of Equity De-
fault Events
Servigny and Jobst [3] from Standard and Poor’s have done an extensive analy-
sis of equity default events (equity price hitting a certain pre-set lower barrier)
with a view to investigate the risk profile of EDS. The results of their analysis are
extremely interesting and have a strong bearing on my analysis of EDS from the
viewpoint of model suitability for EDS pricing and the adjustments required in
the model.
Instead of modeling equity prices using any diffusion processes, they use simple
pattern recognition/scoring techniques to assess the risk characteristics of EDS by
using the actual historical equity data for hundreds of companies. They consider
their approach as robust and comprehensive since it tries to extract in a systematic
way, the predictive power embedded in the full set of available information. It
also encompasses the period running from inception to the maturity of the EDS
instrument.
23
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5.1.1 Estimating equity event probabilities
According to Servigny and Jobst, “A common approach for rated companies is to
derive the historic average default or rating transition probabilities by observing
the performance of groups of companies-frequently called cohorts- with identical
credit ratings. These estimates are particularly suitable in the context of long term
‘through the cycle’ risk management, which attempts to dampen the fluctuations
due to business cycle and other economic effects.” They apply the cohort approach
to estimate the unconditional long-term average profitability of an equity price
decline to a level of k% of the initail price. this probability is referred to as the
equity event probability(EEP) which obviously depends on the barrier level k.
Servigny & Jobst look at various barriers since standard EDS with a 30% barrier
today is likely to be to an EDS with a 10% or a 40% barrier in say 1 year if the
stock price changes. They study 12,000 equity time series with approximately
120,000 yearly observations.
The cohort analysis is then performed as follows: For each company in a given
cohort at a certain point in time t, they record the price Pt at that point in time
and count the number of companies that would have undergone an equity event in
period T . This is done by comparing the running minimum monthly price between
the time t+ T − 1,Pt+T−1, and time T , Pt+T , to the EDS barrier Bt = k · Pt.
5.1.2 Identifying the impact of some key factors on Equity
Event Probabilities
5.1.2.1 Historical volatility grouping
In this part of the analysis, companies with similar historic volatility are grouped
into different time cohorts. The companies are divided into quintiles. Quintile 1
contains 20% of companies with the greatest historic volatility, calculated using
5 years of monthly data. Quintiles 2,3,4, and 5 are created similarly. Figure 5.1
shows the unconditional total equity event probabilites for a barrier of 30%.
Figure 5.1 clearly highlights the strong relationship between historic
volatility and the likelihood of an equity default event (equity price
falling by 70%)
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Figure 5.1: Cumulative Equity Event Probabilities (Source:[3])
5.1.2.2 Equity event probabilities for different barriers and maturities
Servigny and Jobst analyze the impact on EEP for various barriers and maturities
for cohorts of historical volatility. The analysis shows that EEPs increase with
increasing levels of volatility for all barrier levels. Depending on the barrier level,
this increase is concave (high barrier), almost linear (50% barrier) or convex (low
barrier). They also find that the biggest jump in probability occurs when
moving from a 1-year horizon to a 3-year horizon.
5.1.2.3 EDS for rated companies
The cohort analysis is then applied to a subset of companies with rated debt.
Figure 5.2 displays the cumulative EEPs (30% barrier) for companies with different
ratings.
It is quite obvious that the equity price of highly rated companies is
less likely to fall severely than that of lower rated companies, which can
be explained partly by the differences in volatility between firms with
high and low ratings
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Figure 5.2: EEPs for rated firms(Source:[3])
5.1.2.4 Credit Ratings and Volatility
The above analysis is further refined here by differentiating between firms with
high, medium, and low volatilities within a certain rating. Figures 5.3 and 5.4
show that in the case of both investment grade and speculative grade companies,
higher volatility increases EEPs.
The effect of volatility appears heightened for investment grade companies, where
the the equity prices of the most volatile companies (with an average exponentially
weighted average volatility of 38%) are about 3 times more likely to decline by 70%
within 5 years than the least volatile companies (with an exponentially weighted
moving average volatility of 21%). From this analysis, Servigny and Jobst conclude
that ”volatility is also very important for equities of rated comapnies in the context
of EDS risk analysis” Overall the results of the analysis in this section clearly show
that both ratings and volatility information is very important for EEPs
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Figure 5.3: EEPs for A rated firms(Source:[3])
5.2 Factors Driving Equity Event Probabilities
Further analysis is then carried to investigate what factors best explain and drive
EDS risk (EEPs). A process of selection of optimal factors leads to select the
following 6 factors from a total of 27 different factors considered:
• One Year Return
• SP-High-Ratio (Ratio of current S&P 500 on 10 year High of S&P 500)




Figures 5.5 and 5.6 give results of the analysis.
The analysis showed that:
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Figure 5.4: EEPs for BB rated firms (Source:[3])
1. The two most relevant factors to assess the risk of an Equity default event are
the Credit Rating and the 1 year volatility. In the short term the credit rating
is the main driver for barriers under 50% and for the long term it remains
important for 50% barriers and beyond. At a 5 year horizon ratings
appear to be more dominant than other factors. The key finding
of this analysis is that assessing the risk of an Equity Default event
robustly would be incorrect without taking into account the credit
rating. While the effect of volatility (equity factor) is increasing
with the barrier level, the effect of credit ratings (credit factor)
decreases with the barrier level. This shows that with rising barrier
levels EDSs move from a debt like behaviour to an equity like one.
2. Market Capitalization shows low sensitivity to changes in the barrier level,
irrespective of the time to maturity.
3. Two factors, the One-year return and the Debt/Equity ratio have some bear-
ing for low barriers. As the barrier increases to levels up to 30% - 50% the
contribution of these factors seems to decline considerably. This shows
that the debt to equity ratio, that is central to the capital struc-
ture of a company and that provides a significant input into its
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Figure 5.5: Contribution of Scoring factors at 1y horizon(Source:[3])
Figure 5.6: Contribution of scoring factors at 5y horizon (Source:[3])
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distance-to-default, could actually prove to be less relevant than
expected.
From the analysis and from Figure 5.7 it becomes obvious that EDSs with barriers
under 50% are more debt-like products than equity-like products. This is because
for barriers above 50% the equity factors outweigh debt factors in explaining equity
event probabilities. At around 50% equity factors and debt factors are equally
weighted in explaining equity event probabilities. For barriers below 50% debt
factors start to outweigh the equity factors in explaining equity event probabilities.
5.3 Equity and Credit Dynamics of EDS
From the analysis and from Figure 5.7 it becomes obvious that EDSs with barriers
under 50% are more debt-like products than equity-like products.
Figure 5.7: Relative weight of equity and debt factors (Source:[3])
Figure 5.7 provides the split between the relative weight of credit based factors
(rating ,debt/equity ratio, one-year return) vs the equity based factors (one-year
volatility of equity, SP High Ratio) per barrier and horizon levels.
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The question of equity or credit dynamics is then examined from a point of credit
defaults and equity events for different barriers by looking at Kendall’s Tau. De-
fault and an EDS event are close for low barriers and tend to diverge with increas-
ing barriers as can be seen in Figure 5.8
. Kendall’s Tau is defined as follows: Let d(i, t, T ) is the indicator (0/1) of default
of rated firm i within T year from time t. e(i, b, t, T ) is the indicator of equity
default (drop to barrier b%) of rated firm i within T year from time t. Consider
n(t) pairs (di, t, ei, t) and defining concordant and non-concordant pairs as follows:
concordant: di, t = ei, t
Non-concordant: di, t 6= ej, t Counting the number of concordant and non-concordant





where ct is the number of concordant pairs and c¯t is the number of non-concordant
pairs.
Figure 5.8: CDS and EDS of different barriers (Source:[3])
5.4 Impact of the Study on EDS Pricing Models
EDSs are different from CDSs especially so with the increase of the barrier level.
The analysis and results from this study by Standard & Poor’s has a very strong
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bearing upon not just the choice of suitable models for pricing EDS but also what
adjustments must be made in the models and market participants to align the
models with empirically observed facts.
Chapter 6
Empirical Analysis of Structural
Credit Models
In Chapter 3, structural credit models were discussed for the purposes of pricing
CDS and EDS. From that discussion, it followed that the Leland & Toft model
and the Merton model emerge as strong candidates for empirical testing as the
methodologies are available to extract the structural parameters, namely the asset
swap price and asset swap volatility for observed markets data. In this chapter1
I present below the procedure for the empirical analysis, the actual analysis, and
results:
6.1 Structural Credit Models and Methodology
for Empirical Analysis
We first show below the analytic expression for EDS as derived by Medova and
Smith [8]:
In the risk neutral measure, the market value of the reference firm’s total assets
Vt follows a lognormal process:
dVt
Vt
= (r − δ)dt+ σdWt (6.1)
1Submitted as paper “Analysis of Structural Credit Models for Pricing Equity Default Swaps”
Bhanap J, Journal of Credit Risk,
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where Vt is the reference firm’s total assets, δ the net payout rate to
capital-holders, and σ the asset volatility. The principal value F of the reference
firm’s outstanding debt is fixed. Further, the firm defaults on all its outstanding
debt when Vt touches a default barrier of the form V
B = βF , where β is a
constant. Define a firm’s distance to default Xt to be the ratio of it asset value








Therefore, default occurs when Xt hits one. As a consequence of Ito’s lemma, the
logarithm of Xt satisfies:
d logXt =
(





Using corollary B.3.4 in Musiela & Rutkowski [19], it can be shown that if a firm
has distance to default of Xt0 at time t0 then the risk-neutral probability that
the firm will default in the period [t0, t1] is:
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Further, the firm’s equity value St is assumed to be a function of only the firm’s
asset value:
St = S(Vt) (6.6)
An equity event happens when the reference firm’s equity value touches the
trigger equity value S∗ which is the trigger equity price multiplied by total
number of shares outstanding. If a firm is assumed to have a constant number of
shares outstanding, the trigger equity value is constant. The trigger asset value
V ∗ is defined to be the value of the reference firm’s assets when its equity value
is S∗. An equity default event occurs when Vt hits V ∗. The trigger asset value
can be solved from:
S∗ = S(V ∗) (6.7)
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so that an equity event occurs when Yt hits one. Ito’s lemma shows that
logarithm of Yt satisfies:
d log Yt =
(





If an equity default event takes place, protection buyer receiver receives a
contingent payment from the EDS seller of the amount ωN where ω is the
recovery rate of the EDS (usually 50%). The time t value of the contingent
payment is given by:
∫ TEDS
t
e−r(τ−t)ωNq(Yt, τ − t)dτ (6.10)
where q(Yt, τ − t) is the probability density function of the first passage time of
Yt to one in the risk-neutral measure. After a change of variable (6.10) can be
written as:
ωNG(Yt, T
EDS − t) (6.11)
where:
G(Yt, T























It can be shown that:
G(Yt, T































Provided that an equity default event has not occurred, the buyer of the EDS
periodically makes a premium payment of cEDS(ti − ti−1)N at time
ti(i = 1, · · · ,m) to compensate the seller for providing protection during the
period (ti−1, ti),where t0 = t and tm = TEDS. The value cEDS is the annualized
EDS spread. The buyer of EDS protection makes no further payments once an
equity default event has occurred. Hence, the payment at time ti can be written
as:
cEDS(ti − ti−1)N1{τ>ti} (6.18)












e−r(ti−t)(ti − ti−1)[1−Q(Yt, ti − t)] (6.20)
and Q(Yt, ti − t) is given by (6.4) If an equity event occurs at time t ∈ (ti − 1, ti]
the EDS buyer makes an accrual payment of:
cEDS(τ − ti−1)N (6.21)





e−r(τ−t)cEDS(τ − ti−1)Nq(Yt, τ − t)dτ
)
(6.22)














It can be shown that 6.23 equals:
cEDSNV premium (6.24)
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where:




(ti−1 − t)(G(Yt, ti − t)−G(Yt, Ti−1 − t)) (6.25)








EDS−t)]−Y −a+bt Φ[d2(Yt, TEDS−t)]
)
(6.26)
The time t value of the EDS to the buyer of protection is equal to the value of
the contingent payout less the value of the payments made by the EDS buyer:
ωNG(Yt, T
EDS − t)− cEDSN(V premium + V accrual) (6.27)




V premium + V accrual
(6.28)
Thus Medova and Smith [8] have provided a very useful closed form analytic
expression to compute EDS spreads. Therefore given initial stock price, asset
price, asset volatility and net payout rate one can compute the EDS spread for
any tenor, frequency, and recovery rate. The CDS spread can be computed by
setting Yt = Xt in (6.28). While equity price and equity volatility is directly
observable in the market, asset price, asset volatility and net payout rate to
capital holders is not. Hence, we need some model to derive these from
observable market data.
We now investigate two models, the Merton Model and the Leland & Toft model
to derive asset price, and asset volatility and compute the EDS spread using
(6.28). We then compare the results so obtained with actual EDS spreads
observed in the market. We use data for 5 large European corporations in
diverse industries. We have for these 5 companies, market EDS spreads data for
about 1 year. We also have the CDS (credit default swap) spreads, stock prices,
3 month at-the-money implied volatilities, dividend yields, bond coupons, total
liabilities, shares outstanding, and the risk-free rate of return.
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6.1.1 Models and Methodology
6.1.1.1 Merton Model
We begin by investigating the Merton model for deriving the asset price and
asset volatility. In the Merton framework the payment to the shareholders at
time t is St = max[Vt −D, 0] where V − t is total assets of the firm at time t and
D is the total debt due to debt holders at time t. Details of the model and its
assumptions, can be found in Merton [6] and Hull, Nelken and White [13]. This
shows that the equity is a call option on the assets of the firm with strike price
equal to the promised debt payment. The current equity price is therefore:










t; d2 = d1 −
√
t (6.30)
σ is the volatility of the asset value and r is the risk-free rate of interest. Define
D∗ = De−rt as the present value of the promised payment and let L = D∗/V0 be
a measure of leverage. Then equity value is:









t; d2 = d1 − σ
√
t (6.32)
Since the equity value is a function of the asset value we can determine the









We now solve (6.31) and (6.34) simultaneously to get asset volatility σ and asset
price Vt for each day’s data for all five companies. The roots are derived
numerically on a computer and the Vt and σ so obtained are used to compute the
EDS spreads and CDS spreads using (6.28). As the Merton model yields asset
price and asset volatility but not payout rate, the payout rate δ is assumed to be
zero. For simplicity, we also assume β = 1 The results and analysis are presented
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in Section 6.2. We now look at the Leland & Toft model suggested by Medova
and Smith [8] to derive the asset price and asset volatility.
6.1.1.2 Leland & Toft Model
Medova and Smith [8] examine the Leland and Toft model because it is
consistent with the assumptions made in deriving the analytic expression for
EDS in the previous section. For details and assumptions, see Medova and Smith
[8] and Leland & Toft [14]. The model allows firms to have a complicated capital
structure, wherein the firm is assumed to continually issue bonds with an initial
time-to-maturity T <∞ at a rate (F/T ). The bonds pay a continuous stream of
coupon payments at a rate of c per unit face value, but the firm receives tax
benefits on these coupons at a tax rate tax. At the time of default, the firm
experiences default cost of αV B and all debt-holders receive the same fraction of
par. Thus it is a model with many moving parts. Given this capital structure,
the value of a firm’s equity is given by:




















(1− α)β − c
r
)
FJ(Xt, T ) (6.35)
where the distance to default Xt = X(Vt) is defined as in (6.2), the functions
I(Xt, T ) and J(Xt, T ) are equal to:
I(Xt, T ) =
1
rT
[G(Xt, T )− e−rTQ(Xt, T )] (6.36)
and:








t Φ[d1(Xt, T )]d1(Xt, T )−X−a+bt Φ[d2(Xt, T )]d2(Xt, T )
]
(6.37)
while d1(Xt, T ) and d2(Xt, T ) are given by (6.15) and (6.16) respectively. For
proof, see Leland & Toft [14]. The model now needs to be calibrated to equity
data to compute asset price and asset volatility. Since there are three
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unobservable variables, the asset price Vt, the asset volatility σ and the net




















As per Medova and Smith [8] solving (6.35), (6.38) and (6.39) simultaneously, we
can find asset price Vt, asset volatility σ and net payout rate δ. The appropriate
tax rates are used for tax and we determine c by looking at the yield on 5 year
bonds issued by the companies in 2005. The remaining data is already available
with us. For the sake of simplicity we assume α = 0 (no default costs)and
β = 1(default occurs when asset value hits outstanding debt). As (6.35), (6.38)
and (6.39) are three simultaneous non-linear equations, they are solved on
computer numerically. It is found that using the market data available, no
meaningful convergence is found in the numerical solution. It appears that there
is no solution to these equations when attempting to calibrate with the available
market data set and the stated assumptions. The non-convergence may be
unique to our market data set and assumptions and more analysis would be
required to determine a general validity of this result. As no solution can be
found using the available data and assumptions, we proceed with using the asset
volatility from the Merton model and estimating the net payout rate to capital
holders. Thus we now need only (6.35) to solve for asset price Vt. We compute
EDS spreads using this method for one company BASF AG and present the
results and analysis in Section 6.2.
6.2 Data Analysis and Results
The EDS and CDS spreads computed by using the Merton model implied asset
price and asset volatility in (6.28) is compared with market EDS and CDS
spreads. It is found that although they are correlated with market data, the
modeled EDS and CDS spreads computed using this method do not predict the
market spread as the errors are large. This is obvious from the results for three
companies: Carrefour, Nokia, and Telefonica which are presented in Figures: 6.1
to 6.6.
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Figure 6.1: Carrefour EDS
Figure 6.2: : Carrefour CDS
From the figures correlation between market EDS and modeled EDS appear
significant whereas market CDS and modeled EDS appear uncorrelated. The
correlation data is shown in Table 6.1
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Figure 6.3: Nokia EDS
Figure 6.4: Nokia CDS
Table 6.1: Correlation between Market and Model Spreads
Company EDS CDS
BASF AG 90.4% 49.6%
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Figure 6.5: Telefonica EDS
Figure 6.6: Telefonica CDS
We can see from Table (6.1) that correlation between market EDS and modeled
EDS is high but correlation between market CDS and modeled CDS is low. Thus
although the model produces EDS spreads that are correlated, the model does
not match the market data and the errors are too large. This is even more
pronounced for CDS spreads. A 3D plot showing Debt/Equity ratio, equity
implied volatility and CDS spreads computed using the Merton model and
equation (6.28) is examined to reveal the inter-relationships as shown in Figure:
6.7. It was found that when used with Merton model implied structural





























Figure 6.7: 3D plot of D/E ratio, Volatility, and CDS spreads
parameters, the CDS surface (Figure: 6.7) as computed using equation (6.28) has
inconsistencies. The CDS spreads are not always a monotonically increasing
function of the debt/equity ratio. CDS spreads are a monotonically increasing
function of the Debt/Equity ratio only for implied volatility > approximately
48%. This implies that using Merton model implied structural parameters may
not be appropriate for use with (6.28) especially for low implied volatilities. This
may be the reason Medova and Smith [8] recommend the Leland & Toft model
for generating the structural parameter inputs for equation (6.28). However, we
find that we are unable to compute Vt and σ using purely the Leland & Toft
model as there is no convergent solution to simultaneous equations (6.35), (6.38)
and (6.39). A comparison is also made with the implied credit spreads surface
using only the Merton model. Hull, Nelken and White [13] show that implied









where N(d2), N(−d1) are as defined in equation (6.32). A 3d plot of credit
spreads implied from equation (6.40) is shown in Figure: 6.8. The 3D plot shows
the highly non-linear surface of implied credit spreads vs debt/equity ratio and
implied equity volatility. It is found that the implied credit spreads are too low
compared to CDS market spreads. As mentioned by Hull, Nelken, and White
[13], although the time series of implied credit spreads does not appear to track



































Figure 6.8: Merton Implied Credit Spreads
the actual CDS quotes very closely, there is a strong relationship between the
two. That is, the actual forecast of default probability may be poor but the
relative ranking of probability of default is good. Finally, we look at EDS
spreads computed using the Leland and Toft model but with asset volatility from
the Merton model. Figure: 6.9 shows the case for BASF AG. Figure: 6.9 shows
Figure 6.9: BASF EDS Spreads
that this produces higher spreads than using only the Merton model. It is also
highly correlated with EDS spreads from the Merton model but does not explain
the market data well.
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6.3 Conclusions
We have thus analyzed the suitability of structural credit models to price Equity
Default Swap spreads by empirically testing it with market data. Medova and
Smith [8] provide in equation (6.28) a very useful analytic expression for
computing EDS spreads. It was found that the Leland and Toft model presented
practical difficulties and it was not possible to find a convergent solution for
asset price and asset volatility with actual market data as the inputs. I then
used the Merton model to extract the structural parameters and these were then
tested with equation (6.28). The empirical analysis showed that model outputs
are correlated with market data but the errors are too large to use the model for
pricing. It was also shown that using Merton model implied structural
parameters with (6.28) induce inconsistencies in the modeled CDS spread
surface. The Merton model implied credit spreads surface was also examined and
as previously shown by Hull, Nelken and White [13] the spreads are too low
compared to market CDS spreads.
The structural credit models that were analyzed do not sufficiently
explain market EDS spreads.
The diffusion process price is assumed to follow a lognormal process with
constant asset volatility. From the market observations, we know that volatility
rises when stock prices fall. The constant volatility asset diffusion process does
not capture this fact. The drawback of the structural credit model approach is
highlighted by Servigny and Jobst [3]. They found that (5) the debt to equity
ratio, that is central to the capital structure of a company and that
provides a significant input into its distance-to-default and is a key
parameter driving the pricing in structural credit models could
actually be slightly less relevant than expected. This further reinforces
the empirical analysis as correct and augments my view that structural credit
models may not be suitable in the pricing of equity default swaps.
Also, structural models would produce zero EDS spreads for firms with zero debt
which would be incorrect. What remains to be tested now is whether the
dynamics of EDS pricing are better explained with equity price processes such as
the CEV process.
Chapter 7
Empirical Analysis of the CEV
Process
In this chapter1, we focus on the CEV model for pricing EDS for four main
reasons
i Albanese and Chen (2004)[16] show that the local volatility implied by
credit quality to equity mapping can be approximated by:
σS−0.65
This suggests that a pure diffusion approximation would be a stock price
that follows a CEV process.
ii From the boundary classification of the CEV process, the CEV process can
have absorption at zero which is analogous to firm default.
iii The term structure of EDS spreads under a CEV model resemble the term
structure of EDS spreads empirically observed by Servigny and Jobst.
iv The CEV process provides for rising volatility with falling prices and vice
versa which conforms with market data
1Submitted as paper “Empirical Analysis and Calibration of the CEV Process for Pricing
Equity Default Swaps, Baaquie B, Bhanap J, and Tang P, Journal of Quantitative Finance,
Accepted Nov 2009
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7.1 Simulation and Calibration Process
The constant elasticity of variance (CEV) process of Cox [15]
dSt = µStdt+ σS
β+1
t dW t ≥ 0, S0 = S(0) > 0. (7.1)
where dW is a Wiener process, σ is the volatility, and β is the parameter of
elasticity.
We re-write the stochastic differential equation











dW ; σM = σS
β
0 (7.2)
The volatility in Equation 7.2, namely σM , does not depend on the scale chosen
for the stock price S(t) and we identify σM as the market volatility of equity.
Since σM represents the market volatility, it can be calibrated at the initial time
t = 0, where S0 = S(0). Note for β = 0, which is the case for Black-Scholes, we
have that σM = σ.
In the special case β = 0, the CEV model is the geometric Brownian motion
model of Black and Scholes (1973). The square-root CEV process of Cox and
Ross [20] is obtained with β = −0.5. When β > 0, the local volatility increases
as the stock price increases. When β < 0, the local volatility increases as the
asset price decreases. We find that volatility does not increase (decrease) as the
asset price decreases (increase) in the real market when β < 0 (β > 0). Volatility
is not simply correlated with the equity price. Two examples of Astra and ENI
are shown in Figure (7.1) and (7.2).

































Figure 7.1: Equity price versus Sigma (Astra).
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Figure 7.2: Equity price versus Sigma (ENI).
7.1.1 Calibration of β from Equity Default Swap Spreads
Firstly, we compute probability of default using the JPMorgan [7] approach. In
the JPMorgan approach [7], we obtain the approximate cumulative 5 year
probability of default from the Equity Default swap spreads as follows: Consider
a firm with cumulative n year default probability p. In the event of default, the
EDS contract will pay out 50% (recovery rate) of notional amount V or 0.5V .
EDS is a binary option with p being the probability that the option is exercised
with payoff 0.5P and 1− p that it is not exercised with payoff zero. Hence the
value of the option
p×0.5× V
The EDS consists of a stream of payments at a fixed rate of the spread s – over
n years until the option is exercised. The total expected payments should be
equal to the price of the EDS. As the cumulative default probability is not very
sensitive to default timing or interest rates, we can ignore these without
significant loss of accuracy. We have total premium given by
s = EDSSpread×V×n. Hence, from [7]
EDSSpread×V×n = p×0.5× V
p ∼= EDSSpread×NumberofY ears
100%−RecoveryRate (7.3)
The probability of default p is derived from the market quoted EDS spread, as is
the practice in the market . For example, if the EDS for a firm is trading at 250
bps, then,
p ∼= 2.50%× 5
50%
= 25%
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For each company we have 162 data points from 24 Dec 2004 to 24 Nov 2005.
For each date, we have the Stock Price S0 , the barrier (which is 30% of S0 for
EDS), the EDS spread, 3 month ATM option implied volatility and µ (drift). We
compute drift as µ = r − q where r is the risk free rate and q is the continuously
compounded dividend yield. We then numerically simulate CEV processes using
different levels of β till we get a cumulative default probability corresponding to
the implied probability of equity event as computed in Equation 7.3. We
therefore obtain 162 values of β for each firm in our simulation. We regress with
least square of errors to obtain a best fit β value for each company.
We then repeat the procedure and calibrate the CEV process and β values for
the traded Credit Default Swap spreads for each of the 10 companies.
We simulate the CEV process at a specific volatility (25%) for different levels of
β to compute the default event probabilities for both EDS and CDS and
generate a 3 dimensional surface that shows default probability sensitivity to β
and barrier level. We also generate a surface to show the sensitivity of default
probability to different levels of β and implied volatility for EDS barrier (30%)
and CDS barrier(0%) for different levels of µ (drift).
7.1.2 Recursion equation of CEV process
From Equation (7.1), the CEV model, St follows the process
dSt = µStdt+ σS
β+1
t dW (t)
The Wiener process dW (t) can be transformed to Gaussian white noise R(t) by















= µ+ σSβt R(t) (7.6)
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For simulating the CEV process, we need to discretize time and convert
Equation (7.6) into a finite recursion equation. We discretize time into a lattice
with spacing ǫ and this yields dt = ǫ.

























Equation (7.6) in discrete time, when substituted into Equation (7.7), yields
∆ lnS
∆t
= µ+ σSβR− ǫ
2
µ2 − ǫµσSβR− ǫ
2
σ2S2βR2 +O(ǫ) (7.8)
Compared to other terms of Equation (7.8), the third and fourth term on the
right side are of O(ǫ) and are neglected. In terms of variable x defined by
S = S0e
x, Equation (7.8) can be rewritten as
∆x
∆t





Define σ = σM/S
β








We verify that Equation (7.10) yields the correct continuum limit. For ǫ→ 0,
Equation (7.5) yields for discrete time [21]
E[RtRt′ ] = δ(t− t′) ⇒ R2(t) = 1
ǫ
(7.11)













σ2 + σR (7.13)
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From Equation (7.10) we obtain the fundamental recursion for the CEV process
in discrete time given by






From Equation (7.11), we see that white noise R is a Gaussian random variable
with variance given by 1/
√
ǫ, namely that R = N(0, 1√
ǫ





N = N(0, 1) ; Normal random variable (7.15)
For the purpose of simulations, R is changed to normal distribution N ≡ N(0, 1).
Equation (7.14) is rewritten as










Equation (7.16) is used for simulating the CEV process with ǫ set equal to one
day.
7.2 Data Analysis and Results
β is calibrated for all 10 firms by computing β for a CEV for each data point for
a given firm and then deriving the least square of errors β. Examples for Astra
and Carrefour are given in Figure (7.3) and Figure (7.4).


















Astra Zeneca Plc    =-0.894455
Figure 7.3: Probability of default of market data and CEV simulation (Astra).
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ENI Spa      =-2.09583
Figure 7.4: Probability of default of market data and CEV simulation (ENI).
The calibrated β values are shown in table (7.1).
Table 7.1: Beta values for 10 companies (Barrier:70% falling of equity price).
Company beta










The calibrated β values range from −0.8944 to −2.0958 with an average value of
−1.684. Thus in terms of the local volatility function outlined by Albanese and
Chen[16] the above values of β give a local volatility function in the range from
σS0.11 to σS−1.095 with an average of σS−0.68 which corresponds to the credit
quality to equity mapping of Albanese Chen[16]. We conclude that the market
on average was correctly pricing Equity Default Swap spreads.
We now turn to calibrating β values from the market CDS rates and show the
calibration for Astra Zeneca and ENI Spa in Figure (7.5) and Figure (7.6),
respectively.
Chapter 7. Empirical Analysis of the CEV Process 54

















Figure 7.5: Probability of default of market data and CEV simulation (Astra).

















Figure 7.6: Probability of default of market data and CEV simulation (ENI).
The beta values calibrated from the CDS spreads are presented in table (7.2).
Table 7.2: Beta values for 8 companies (Barrier:100% falling of equity price).
Company beta








The calibrated β values range in value from −0.78 to −1.55 with an average
value of −1.09. Thus in terms of the local volatility function outlined by
Albanese and Chen the above values of β give a local volatility function in the
range from σS0.18 to σS−0.63 with an average of σS0.91. This deviates
considerably from the EDS mapping of the volatility surface. We conclude that
market CDS spreads do not mesh with the CEV process calibrated from the
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market EDS spreads. As, on average, the EDS spread implied process
corresponds to the credit quality to equity mapping process, we conclude that
although EDS spread seems to be correctly priced by the market, the CDS
spreads seem under priced, that is they actually should be higher than where the
market was pricing them. The CDS spreads also have almost no sensitivity to
the implied stock volatility as is evident from the above graphs.
We next examine the CEV process in detail to test for what level of β values
return firm defaults (stock price going to zero). We simulate for a single
company with a volatility level of 20% and µ = 0.02.






Barrier: zero stock price










Figure 7.7: Probability of default for different beta (Barrier:100% falling of
stock price).
We investigate further by looking at a 3D plot of default probability versus β










































lt=0.02, T= 5years, volatility=20%
Figure 7.8: 3D plot of probability of default versus Barrier versus β.










































Figure 7.9: 3D plot of probability of default versus Barrier versus µ.
It is obvious that the CEV process become highly non-linear near the zero
barrier and for β values > −0.5 the probability of default which is positive very
near the surface suddenly goes to zero when the barrier is zero. The case is
different for β values < −0.5 as the default probabilities gradually rise and cap
off at about 20%.
We run simulations for a CEV process with variable β and σ for two different

































































Figure 7.11: 3D plot of probability of default versus β versus volatility (µ =
0.02).
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It seems for the Figure (7.10) and (7.11) that threshold β for default varies with
volatility. For probability of default > 0, we find from Monte Carlo simulation,
that β must < 0. It is also evident that default probability is sensitive to β and
volatility σ but has low sensitivity to µ.
Since the event of default actually happens when equity price falls to 5% of
initial price, 3D plot of default under 95% falling of equity price is more




























































Figure 7.13: 3D plot of probability of default versus beta versus volatility
(µ = 0.02).
7.3 Term Structure of Default Probabilities
We examine the term structure of default probabilities for the case β = −1.65,
µ = 0.02, and barrier=30% for σ = 0.25 and σ = 0.35. The default probabilities
term structure so obtained is presented in Figure 7.15: Note the similarity with
Figure 5.1. For the CEV process, the largest jump in probability occurs when

































Figure 7.14: 3D plot of probability of default versus beta versus volatility
(µ = 0.1).
Figure 7.15: Term Structure of Default Probability for Beta=-1.65, mu=0.02
moving from a one-year horizon to a three-year horizon, thus matching the
empirical term structure observations.
7.4 Relationship of the Elasticity Parameter
with Ratings
We know now from Servigny and Jobst [3] that the two most important factors
driving Equity Event Probabilities or EDS spreads are ratings and volatility.
Volatility is already incorporated in the CEV diffusion. The most important
factor, ratings, must therefore drive the parameter of elasticity β to a large
extent. We therefore now test the relationship between the β calibrated from our
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analysis with the actual S&P ratings of these companies at that time. We have
ratings for all companies except L’Oreal and SAP which were not rated by any of
the rating agencies. We would expect a direct relationship between rating quality
and β as higher rating quality would imply higher β and therefore lower EEP
and EDS spreads. Figure 7.16 shows a logarithmic regression of the scatter plot.
Figure 7.16: Relationship between Ratings and Beta
Figure 7.16 augments this view. However there are some outliers such as Nokia,
and AstraZeneca which were trading too tight (EDS spreads smaller than
expected) and ENI Spa and Total S.A which were trading too wide (EDS spreads
larger than expected) given their SP ratings. As Servigny Jobst have clearly
established the credit-like behavior of EDS for barriers below 50% and have
shown the overriding importance of rating for lower barriers and longer
maturities, the market may have been either mispricing these credits or the
ratings may not fully reflect the market’s perception of the credit quality of these
issuers.
7.5 Calibration of the Numerical Simulation of
CEV process for β = 0
The pricing kernel of a stock gives the likelihood of the stock price reach a
certain barrier in a certain future time. The formula of pricing kernel for
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The probability of default is given by the likelihood that a stock price price
having an initial value of S = ex falls below the barrier price set at S ′ = ex
′
The





dyPbs(x, τ ; y)∫ +∞












Probability of default calculated by using BS pricing kernel is shown in Figure
(7.17), while probability of default calculated by using Monte Carlo method
under CEV process is shown in Figure (7.18). These two graphs are under the
same calibration condition: µ = 0.02 and β = 0, 10% ≤ σ ≤ 59.5%. The barrier




























































Figure 7.18: Probability of default for European options.


























Figure 7.19: Comparison of Black-Scholes pricing kernel and CEV simulation
The difference of results of simulation and BS pricing kernel is shown in Figure
(7.19). The error of simulation can be eliminated by increasing the configuration
of simulation, which shows the properties of Monte Carlo simulation.
The probability of default for American options is shown in Figure (7.20).
American options can be exercised at any time before expiration, while European
options only can be exercised at certain pre-fixed time before expiration. This
property of American options leads to the higher probability of default than
































Figure 7.20: Probability of default for American options.
7.6 Calibration of the Numerical Simulation of
the CEV process for β < 0
The term (S/S0)
β for the Black-Scholes does not have influence in the final
results since β is equal to zero. The simulation needs to be tested for nonzero
values of β. The exact formula of option price is given by Cox[15] for β < 0 and
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Emanuel and MacBeth [22] for β > 0:
C(S;K,T ) = e−qTSQ(ζ;n− 2, y0)
− e−rTK(1−Q(y0;n, ζ)) β > 0,
C(S;K,T ) = e−qTSQ(y0;n, ζ)
− e−rTK(1−Q(ζ;n− 2, y0)) β < 0
(7.18)
where Q(p, q, r) is the cumulative chi-square distribution and





σ2β(e2µβT − 1) ,
y0 =
2µK−2β
σ2β(1− e−2µβT ) (7.19)
For CEV simulation, call price is computed by getting the expectation value of
call price of total configurations.
C = e−rTE[S −K] (7.20)
The case of β > 0 is not our interest, the calibration of call price under β < 0 is
made in the following. Call price of CEV simulation is compared with the call
price calculated from exact formula. Two different methods of calibration, call
price versus strike price and call price versus time T , are compared in the
following graphs.



















Call price calculated using formula
Figure 7.21: Call price calculated from formula (stock price versus strike
price). S0 = 100, T = 0.5 years, σ =25% and µ = 0.1/year.
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Figure 7.22: Call price calculated from simulation (stock price versus strike



















Figure 7.23: Error of call price from formula and simulation. S0 = 100,
T = 0.5 years, σ =25% and µ = 0.1/year.




















Figure 7.24: Call price calculated from formula (stock price versus time).
S0 = 100, σ =25% and µ = 0.1/year and strike price = 50.
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Figure 7.25: Call price calculated from simulation (stock price versus time).
S0 = 100, σ =25% and µ = 0.1/year and strike price = 50.

















Figure 7.26: Error of Call price calculated from formula and simulation. S0 =
100, σ =25% and µ = 0.1/year and strike price = 50.
Figure (7.23) and (7.26) show the exact formula and the error of simulation,
respectively. The results of simulation and formula are exactly the same when
the number of configurations goes to infinity.
Error is negligible when β is larger than −3. The error becomes large when value
of β decreases. This is because the step value changes largely when β is too
negative. From the CEV and CDS results, the value of β is always from −0.5 to
−2.5, the case of too negative β is out of our consideration.
7.7 Conclusions
We calibrate a Constant Elasticity of Variance (CEV) process to model the
pricing of Equity Default Swaps. We conclude that β values must negative in
order for the process to hit a barrier level of 30% and also for 0%. Negative β
values indicate rising volatility with falling stock prices, a phenomenon amply
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evident in the recent meltdown. Default probabilities are sensitive to β and σ
but much less to µ.
We calibrate a CEV process to market observed EDS spreads over a period of 1
year for 10 large European corporations. We find that on average β for these
companies is −1.65 which agrees with the local volatility surface obtained from
credit quality to equity mapping (Albanese and Chen[16]). We conclude that the
market, on the average, has been pricing the EDSs correctly. Recall that an EDS
is a deep out-of-the-money American digital put option. We find that market
observed CDS spreads do not correspond to the credit quality to equity mapping.
CDS spreads show no sensitivity to implied volatility as shown in Figure 7.5 and
7.6 and hence are deviating from the CEV process. The CEV process implied
from the EDS spreads implies higher default probabilities and therefore higher
CDS spreads than those observed in the market.
Albanese and Chen suggest the following process to price Equity Default Swaps.
Calibrate the CEV using data from the CDS market and then use the calibrated
CEV to price the EDS contracts. Thus given an implied volatility and a CDS
rate, they can compute β for the process. With this calibration, the EDS can be
priced using the EDS pricing formula [16]. We have clearly the shown that this
process will result in incorrect EDS spreads. Market CDS spreads are shown to
be insensitive to implied equity volatilities and the CEV process implied by the
CDS spreads have a local volatility surface that deviates from the credit quality
to equity mapping. Rather our analysis suggests using the market EDS spreads
to calibrate CEV process and then using the process parameters so obtained to
find the CDS spreads.
As Servigny & Jobst found ratings to be the most important driver of EDS
spreads, we conclude that the rating of an issuer should explain a large part of
the value of elasticity parameter β and that βs should rise with credit quality.
We conclude that β is the analogue of credit rating (credit quality) in the CEV
process. Our analysis reinforces this but also shows many outliers suggesting
that either ratings may not have been duly weighted by the market in setting the
levels of EDS spreads or that the ratings did not reflect the market’s perception
of the credit quality. My analysis shows that the market on the whole agrees
with the CEV process.
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Although CDS can theoretically be priced objectively using structural models
such as the Merton model, difficulties in estimating a firms value can obfuscate
the methods accuracy and utility. Another major difficulty with CDS is pricing
synthetic CDOs (tranched portfolios of credit default swaps). CDO prices are
sensitive to default correlation. It is virtually impossible to estimate correlation
for events for which there is no adequate history. In the case of synthetic CDOs
the market relied on the prices of traded tranches on the standard credit indexes
(such as ITraxx and CDX) to imply the correlation of the tranches. These were
then mapped to the reference CDS portfolios using expected loss.
The EDS has an advantage here in that CDO portfolios of EDS would not only
have objectively priced EDS spreads but also correlations would be directly
observable. We feel EDS contracts with lower barriers at say 10% would likely be
more attractive to the market and would attract both protection buyers and
sellers. EDOs (CDOs of such EDS) would also likely generate interest due to the
transparency in pricing the spreads and estimating the correlations from
observed market equity prices. CDS and CDOs have come under attack from
regulators in the recent financial meltdown owing to opacity in pricing. An EDS





8.1.1 Conclusions for Structural Credit Models
I found that the Leland and Toft model presented practical difficulties and it was
not possible to find a convergent solution for asset price and asset volatility at
least with available market data and assumptions as the input. I then used the
Merton model to extract the structural parameters and these were then tested
with equation (6.28).The empirical analysis showed that model outputs are
correlated with market data but the errors are too large to use the model for
pricing. It was also shown that using Merton model implied structural
parameters with (6.28) induce inconsistencies in the modeled CDS spread
surface. The Merton model implied credit spreads surface was also examined and
as previously shown by Hull, Nelken and White [13] the spreads are too low
compared to market CDS spreads.
The structural credit models that were analyzed do not sufficiently
explain market EDS spreads.
The diffusion process price is assumed to follow a lognormal process with
constant asset volatility. From the market observations, we know that volatility
jumps when stock prices fall. The constant volatility asset diffusion process does
not capture this fact.
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8.1.2 Conclusions for the CEV Process
I have shown that on average the CEV model fits the market data well. The
CEV process I calibrated to market EDS data corresponds well to the credit
quality-equity mapping volatility surface of Albanese and Chen. This fit with the
credit quality-equity mapping is extremely important as the S&P empirical
analysis has shown credit quality (as measured by rating) to be the most
influential component driving EDS spreads and show EDS to move from
equity-like characteristics to credit characteristics for barrier below 50% as
explained in Chapter 5 section 5.2
The CEV process correctly provides a rising volatility with falling prices and vice
versa which conforms to empirical observations
The CEV process generates a term structure of EDS spreads which again is in
agreement with empirical data from S&P
I empirically proved that the method suggested by Albanese to calibrate the
CEV process from CDS data and then use the calibrated process to price EDS is
incorrect.
I have shown that the parameter of elasticity β in the CEV differential equation
is driven largely by rating for EDS and therefore could be a parameter of credit
rating (credit quality) when the CEV process is used for EDS pricing and have
shown the market data conforms to this but with a few outliers.
8.1.3 Some Final Questions
I now answer some of the additional questions that arise from the analysis. I
showed that the method of deriving the EDS spreads from a CEV process
calibrated with CDS spreads as proposed by Albanese and Chen is incorrect. If
the EDS is indeed a credit-like instrument at lower barriers, the market CDS
spreads should have been closer to the modeled spreads. However, the analysis
showed that in the period under study, the CDS spreads were insensitive to
volatility. I analyze as follows: As 2005 was a period of intense structured credit
activity, big corporations such as the 10 companies used in our analysis, were
frequently included in CDO portfolios. The large buildup in ‘long credit’
positions by CDO investors possibly depressed CDS spreads to record lows. It is
worth mentioning that the record low CDS spreads in the global credit market
catalyzed the introduction of the EDS as a higher yielding product. Being equity
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derivatives, market observed equity prices, market implied volatility, and a
non-stochastic recovery rate, contributed to the instruments being more
objectively and accurately priced than CDS.
The second issue that we have to address is that although our regression analysis
showed that on the whole the calibrated betas agreed with ratings, there were
some large outliers. For example, in our analysis Nokia and Astrazeneca EDS
were trading too tight and Total S.A and ENI Spa were trading too wide relative
to their ratings. It appears the market assigned inordinately high or low betas to
these companies. What was the reason for this, considering ratings turned out to
be the most important factor driving EEPs in the S&P analysis? It is possible
that the EDS which were traded by equity derivatives desks at banks rather than
credit desks, used stochastic volatility models calibrated with data from the
OTC options market, which consists of usually short dated options with strikes
closer to at-the-money. These models could have caused the outliers. It is also
possible as discussed earlier that the market’s perception of credit quality of
these issuers did not concur with the ratings. We must also remember that EDS
was introduced in 2003 when CDS spreads were hitting new lows. EDS were
meant to entice investors with higher spreads and engage in carry trades (sell
EDS protection and buy CDS protection the same issuer simultaneously).
Equity derivatives desks find stochastic volatility models useful as they
encompass smile risk and facilitate easy and efficient hedging. As ratings play no
role here, this approach is could have caused the large outliers. One result of this
would be that it could create a one sided market. For example, with all investors
only wanting to be short protection on Total S.A. This will result in the market
having very high bid/ask spread and therefore low levels of liquidity. We actually
observed this phenomenon in the EDS market. The EDS market eventually
shrank to much lower levels to the point where there is no active bid/ask market
in EDS now but banks can quote an investor on a request basis only.
8.2 What is the Future of the Equity Default
Swap Market
Although the EDS market has declined in volume compared to the CDS market,
the EDS can complement the CDS market and form a vital component of the
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equity and credit derivative markets. The current credit crisis could prove to be
a major catalyst for the EDS market
Although CDS can theoretically be priced objectively using structural models
such as the Merton model, difficulties in estimating a firms value can obfuscate
accuracy. The major difficulty with CDS is pricing synthetic CDOs (tranched
portfolios of credit default swaps). CDO prices are sensitive to default
correlation. It is virtually impossible to estimate correlation for events for which
there is no adequate history. In the case of synthetic CDOs the market relies on
the prices of traded tranches on the standard credit indexes (such as ITraxx and
CDX) to imply the correlation of the tranches. These are then mapped to the
reference CDS portfolios using expected loss. This is where the EDS comes in.
The EDS has an advantage in that CDO portfolios of EDS would not only have
objectively priced EDS spreads but also correlations would be directly observable.
CDOs of EDS (or EDOs as they are sometimes called)would be more objectively
priced and would make a more transparent and objective alternative to CDOs of
credit default swaps. I feel EDS contracts with lower barriers at say 10% would
likely be more attractive to the market and would attract both protection buyers
and sellers. EDOs (CDOs of such EDS) would likely generate interest due to the
transparency in pricing the spreads and estimating the correlations from
observed market equity prices. CDS and CDOs have come under attack from
regulators in the recent financial meltdown owing to opacity in pricing. An EDS
with lower barriers and EDOs of such EDS may appeal to both regulators and
the market. Also while CDS have provided debt holders protection from default,
equity holders have been left totally exposed in the recent financial meltdown.
A case in point is the collapse of Bear Stearns. Equity holders of Bear Stearns
were forced to sell at $9.43 per share to JPMorgan on June 2, 2008. The shares
traded at a high of $171.50 on Jan 12, 2007 resulting in a loss of 94.5% to equity
holders over that period. If the equity holders had tried to protect themselves
with credit default swaps, they would have received no payout since the debt of
Bear Stearns was assumed by JPMorgan and technically there was no credit
event. Bear Stearns CDS spreads simply converged to JPMorgan spreads. Hence
Bear Stearns equity holders lost almost their entire invested amount in the
company. Similarly in the case of Fannie Mae and Freddie Mac, the US
government nationalized the two firms and assumed their debt. Fannie Mae’s
stock fell from a high of $69.49 on June 18, 2007 to $0.87 as of December 5, 2008
representing a fall in value of 98.7%. As per ISDA (International Swaps and
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Derivatives Association) protocol, Fannie Mae suffered a credit event but the
recovery rate was fixed to be 91.51% meaning if equity holders had tried to
hedge themselves through the CDS route, the payout would have been only
8.49% of the notional. Debt holders were unaffected. This clearly implies that
equity holders take the brunt in highly distressed situations, where a distressed
firm is nationalized or bought over at extremely low asset values. Shareholders
clearly had no effective hedging tool unlike debt holders who could hedge using
CDS. Shareholders could have protected themselves by regularly buying
exchange traded put options but liquidity is limited in exchange traded options
and costs are high. An EDS with a very deep out of the money barrier, say 10%,
would have protected large institutional holders of these companies and at a
reasonable spread if the transactions were struck when shares prices were high
and implied volatilities low. The EDS may thus be a useful equity portfolio
insurance tool for asset managers.
8.3 Road map to the Future
The current credit crisis has thrown the regulators’ spotlights on the CDS and
its related correlation products. While it cannot completely replace the CDS, the
EDS is a promising complement in the credit derivatives space. The CEV model
captures the dynamics of this credit-like equity derivative very well. The market
needs to hone the pricing to weigh issuer ratings and the betas need to reflect
that. An EDS market encompassing ratings and volatility into its pricing
dynamics and with very low barriers, say 10% would be an attractive credit
derivative particularly as a component in CDOs. There is therefore a need by the
market and particularly by regulators to analyze and find ways to accord the
EDS status as a credit risk management tool.
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8.4 Final Conclusions
The answer to the question of ”Structural Models or Equity Price models?” in
the case of EDS pricing is biased in favor of the Equity Price Models and in
particular the CEV model. My final conclusions are:
1. Structural Credit Models fail to capture the dynamics of EDS spreads.
2. The CEV process models and fits the market data well. It reflects the
credit quality to equity price mapping and conforms well with the empirical
analysis on equity prices done by S&P. The term structure of credit
spreads of the CEV process also match market observations well.
3. CDS spreads cannot be used reliably to calibrate the CEV process for EDS
pricing
4. Elasticity of variance parameter β seems to be a function of the credit
rating (credit quality). β seems to encapsulate the fundamental credit
quality information of the issuer.
5. Credit ratings which are a critical component of EDS spreads were not
consistently weighted by the markets indicating either mispricing or ratings
nor reflecting the market’s perception of issuer credit quality.
6. EDS with very low barriers, priced considering the credit ratings and
volatility dynamics would be a useful, balancing component in the credit
derivatives markets especially as a component in CDOs. The CEV process
encompasses EDS dynamics well. Investment banks, investors and
regulators would do well to formulate methodologies to embrace low barrier
equity default swaps in the credit derivatives markets.
Appendix A
Computer Programs
’Program to Compute Implied Volatility for the Merton Model
’******By Jitendra Bhanap******
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function impvol(st, f, r, delta, eds)
Dim vole As Double
Dim vstar As Double
Dim vt As Double
Dim yt As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim a As Double
Dim b As Double
Dim gstring As Double
Dim i As Integer
Dim t As Double
Dim z1 As Double
Dim z2 As Double
Dim nz1 As Double
Dim nz2 As Double
Dim q As Double
Dim element As Double
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Dim denom As Double
Dim vola As Double
Dim j1 As Double
Dim j2 As Double
Dim nj1 As Double
Dim nj2 As Double
Dim res As Double
Dim test As Double
Dim volga As Double
Dim k1 As Double
Dim k2 As Double
Dim nk1 As Double
Dim nk2 As Double
Dim ezs As Double
Dim nat As Double
’Setting up the implied volatility searcher
For vole = 0.18 To 0.24 Step 0.002
’Step 1: Computing Vt and Vola
For vt = f To 200 Step 0.1
For vola = 0.01 To 0.1 Step 0.0001
d1 = (Log(vt / f) + (((vola ^ 2) / 2) * 5)) / (vola * 2.236067)
d2 = d1 - (vola * 2.236067)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
res = (vt * nd1) - (f * nd2)
test = nd1 * vola * vt
nat = vole * st
If res < (st + 0.1) And res > (st - 0.1) _




’Step 2: Compute vstar
st = 0.3 * st
For vstar = f To 111 Step 0.1
For volga = 0.005 To 0.1 Step 0.0001
k1 = (Log(vstar / f) + (((volga ^ 2) / 2) * 5)) / (volga * 2.236067)
k2 = k1 - (volga * 2.236067)
nk1 = WorksheetFunction.NormSDist(k1)
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nk2 = WorksheetFunction.NormSDist(k2)
res = (vstar * nk1) - (f * nk2)
test = nk1 * volga * vstar
nat = vole * st
If res < (st + 0.1) And res > (st - 0.1) And test < (nat + 0.1) _




’Step 3: Compute the numerator of the eds equation
a = ((r - delta) / (vola ^ 2)) - 0.5
b = (Sqr(((a * vola ^ 2) ^ 2) + (2 * r * (vola ^ 2)))) / vola ^ 2
yt = vt / vstar
j1 = ((-Log(yt)) - (b * (vola ^ 2) * 5)) / (vola * 2.236)
j2 = ((Log(yt)) + (b * (vola ^ 2) * 5)) / (vola * 2.236)
nj1 = WorksheetFunction.NormSDist(j1)
nj2 = WorksheetFunction.NormSDist(j2)
gstring = ((yt ^ (-a + b)) * nj1) + ((yt ^ (-a - b)) * nj2)
’Step 4: Compute the denominator of the eds equation
denom = 0
For i = 1 To 20
t = i / 4
z1 = ((-Log(yt)) - (a * (vola ^ 2) * t)) / (vola * Sqr(t))
z2 = ((-Log(yt)) + (a * (vola ^ 2) * t)) / (vola * Sqr(t))
nz1 = WorksheetFunction.NormSDist(z1)
nz2 = WorksheetFunction.NormSDist(z2)
q = nz1 + ((yt ^ (-2 * a)) * nz2)
element = Exp(-r * i / 4) * (1 - q)
denom = denom + element
Next i
’Final Step: Compute the eds
If vola >= 0.1 And volga >= 0.1 Then _
ezs = 999 Else ezs = 20000 * (gstring / denom)
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{’Program to Compute Asset Volatility using Merton Model
’****By Jitendra D. Bhanap
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function Assetvol(st, vole, f)
Dim vt As Double
Dim vola As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim res As Double
Dim test As Double
Dim nat As Double
For vt = f To 200 Step 0.1
For vola = 0.02 To 0.35 Step 0.0001
d1 = (Log(vt / f) + (((vola ^ 2) / 2) * 5)) / (vola * 2.236067)
d2 = d1 - (vola * 2.236067)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
res = (vt * nd1) - (f * nd2)
test = nd1 * vola * vt
nat = vole * st
If res < (st + 0.1) And res > (st - 0.1) _
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’Program to Compute Asset Price using Merton Model
’***By Jitendra Bhanap***
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function Assetval(st, vole, f)
Dim vt As Double
Dim vola As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim res As Double
Dim test As Double
Dim nat As Double
For vt = f To 111 Step 0.1
For vola = 0.005 To 0.35 Step 0.0001
d1 = (Log(vt / f) + (((vola ^ 2) / 2) * 5)) / (vola * 2.236067)
d2 = d1 - (vola * 2.236067)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
res = (vt * nd1) - (f * nd2)
test = nd1 * vola * vt
nat = vole * st
If res < (st + 0.1) And res > (st - 0.1) _
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’Program to Compute V*(Asset Price at Barrier Level)
’***By Jitendra Bhanap***
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function Assetvax(st, vole, vola, f)
Dim vt As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim res As Double
Dim test As Double
Dim nat As Double
For vt = 1 To 200 Step 0.1
d1 = (Log(vt / f) + (((vola ^ 2) / 2) * 5)) / (vola * 2.236067)
d2 = d1 - (vola * 2.236067)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
res = (vt * nd1) - (f * nd2)
test = nd1 * vola * vt
nat = vole * st
If res < (st + 0.4) And res > (st - 0.4) _
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’Program to compute EDS spread using
’Medova & Smith formula using Structural Variables
’***By Jitendra Bhanap***
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function eds(vt, vola, vstar, delta, r)
Dim yt As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim a As Double
Dim b As Double
Dim gstring As Double
Dim i As Integer
Dim t As Double
Dim z1 As Double
Dim z2 As Double
Dim nz1 As Double
Dim nz2 As Double
Dim q As Double
Dim element As Double
Dim denom As Double
’Compute the numerator
a = ((r - delta) / (vola ^ 2)) - 0.5
b = (Sqr(((a * vola ^ 2) ^ 2) + (2 * r * (vola ^ 2)))) / vola ^ 2
yt = vt / vstar
d1 = ((-Log(yt)) - (b * (vola ^ 2) * 5)) / (vola * 2.236)
d2 = ((Log(yt)) + (b * (vola ^ 2) * 5)) / (vola * 2.236)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
gstring = ((yt ^ (-a + b)) * nd1) + ((yt ^ (-a - b)) * nd2)
’Now Computing the denominator
denom = 0
For i = 1 To 20
t = i / 4
z1 = ((-Log(yt)) - (a * (vola ^ 2) * t)) / (vola * Sqr(t))
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z2 = ((-Log(yt)) + (a * (vola ^ 2) * t)) / (vola * Sqr(t))
nz1 = WorksheetFunction.NormSDist(z1)
nz2 = WorksheetFunction.NormSDist(z2)
q = nz1 + ((yt ^ (-2 * a)) * nz2)
element = Exp(-r * i / 4) * (1 - q)
denom = denom + element
Next i
eds = 2 * (gstring / denom)
eds = eds * 10000
End Function
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’Program to Compute EDS Spreads using
’Medova & Smith formula direct from Equity Data
’***By Jitendra Bhanap***
’*************NUMERICAL METHOD USED*********************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’*******************************************************
Function ezs(st, vole, f, r, delta)
Dim vstar As Double
Dim vt As Double
Dim yt As Double
Dim d1 As Double
Dim d2 As Double
Dim nd1 As Double
Dim nd2 As Double
Dim a As Double
Dim b As Double
Dim gstring As Double
Dim i As Integer
Dim t As Double
Dim z1 As Double
Dim z2 As Double
Dim nz1 As Double
Dim nz2 As Double
Dim q As Double
Dim element As Double
Dim denom As Double
Dim vola As Double
Dim j1 As Double
Dim j2 As Double
Dim nj1 As Double
Dim nj2 As Double
Dim res As Double
Dim test As Double
Dim volga As Double
Dim k1 As Double
Dim k2 As Double
Dim nk1 As Double
Dim nk2 As Double
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Dim nat As Double
’Step 1: Computing Vt and Vola
For vt = f To (st + f) Step 0.1
For vola = 0.005 To vole Step 0.0001
d1 = (Log(vt / f) + (((vola ^ 2) / 2) * 5)) / (vola * 2.236067)
d2 = d1 - (vola * 2.236067)
nd1 = WorksheetFunction.NormSDist(d1)
nd2 = WorksheetFunction.NormSDist(d2)
res = (vt * nd1) - (f * nd2)
test = nd1 * vola * vt
nat = vole * st
If res < (st + 0.1) And res > (st - 0.1) _




’Step 2: Compute vstar
st = 0.3 * st
For vstar = f To (f + st) Step 0.1
For volga = 0.005 To vole Step 0.0001
k1 = (Log(vstar / f) + (((volga ^ 2) / 2) * 5)) / (volga * 2.236067)
k2 = k1 - (volga * 2.236067)
nk1 = WorksheetFunction.NormSDist(k1)
nk2 = WorksheetFunction.NormSDist(k2)
res = (vstar * nk1) - (f * nk2)
test = nk1 * volga * vstar
nat = vole * st
If res < (st + 0.05) And res > (st - 0.05) _




’Step 3: Compute the numerator of the eds equation
a = ((r - delta) / (vola ^ 2)) - 0.5
b = (Sqr(((a * vola ^ 2) ^ 2) + (2 * r * (vola ^ 2)))) / vola ^ 2
yt = vt / vstar
j1 = ((-Log(yt)) - (b * (vola ^ 2) * 5)) / (vola * 2.236)
j2 = ((Log(yt)) + (b * (vola ^ 2) * 5)) / (vola * 2.236)
nj1 = WorksheetFunction.NormSDist(j1)
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nj2 = WorksheetFunction.NormSDist(j2)
gstring = ((yt ^ (-a + b)) * nj1) + ((yt ^ (-a - b)) * nj2)
’Step 4: Compute the denominator of the eds equation
denom = 0
For i = 1 To 20
t = i / 4
z1 = ((-Log(yt)) - (a * (vola ^ 2) * t)) / (vola * Sqr(t))
z2 = ((-Log(yt)) + (a * (vola ^ 2) * t)) / (vola * Sqr(t))
nz1 = WorksheetFunction.NormSDist(z1)
nz2 = WorksheetFunction.NormSDist(z2)
q = nz1 + ((yt ^ (-2 * a)) * nz2)
element = Exp(-r * i / 4) * (1 - q)
denom = denom + element
Next i
’Final Step: Compute the eds
If vola >= vole And volga > vole Then _
ezs = 999 Else ezs = 20000 * (gstring / denom)
End Function
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’Program to Solve:
’the Simultaneous Non-Linear Equations In The Leland & Toft Model
’to obtain the Structural Parameters
’***By Jitendra Bhanap***
’***************NUMERICAL METHOD USED************************
’SOLVES SIMULTANEOUS NON-LINEAR EQUATIONS BY ITERATIONS
AND SETTING OF APPROPRIATE ERROR TOLERANCE
’DIFFERENTIAL EQUATIONS ARE SOLVED BY NUMERICAL PERTURBATION
’************************************************************
Sub Lelandtoft()
Dim st, vole, div, r, f, c, time, tax, alpha, beta As Double
Dim gamma, xt, a, b, d1xt, d2xt, gxt, eena, _
meena, qxt, ixt, jxt, test1, tests1 As Double
Dim dvt, newst, dst, dsdt, newerst, newdst, _
newdsdt, d2sdt2, test2, testthree, test3 As Double
Dim vt, vola, delta As Double
Dim nexz As Integer











’MAIN PROGRAM STARTS HERE!!
For vt = 1 To 30 Step 0.2
For vola = 0.05 To 0.1 Step 0.001
For delta = 0 To 0.04 Step 0.001
’Computing the value of St,
’first order and second order derivatives
For nexz = 0 To 2 Step 1
dvt = nexz / 10000000
vt = vt + dvt
xt = vt / f
a = ((r - delta) / (vola ^ 2)) - 0.5
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b = Sqr(((a * (vola ^ 2)) ^ 2) + (2 * r * (vola ^ 2)))
d1xt = (-Log(xt) + (b * (vola ^ 2) * time)) / (vola * Sqr(time))
d2xt = (-Log(xt) - (b * (vola ^ 2) * time)) / (vola * Sqr(time))
gxt = ((xt ^ -(a + b)) * WorksheetFunction.NormSDist(d1xt)) + _
((xt ^ (-a + b)) * WorksheetFunction.NormSDist(d2xt))
eena = (-Log(xt) - (a * (vola ^ 2) * time)) / (vola * Sqr(time))
meena = (-Log(xt) + (a * (vola ^ 2) * time)) / (vola * Sqr(time))
qxt = (WorksheetFunction.NormSDist(eena)) + _
((xt ^ (-2 * a)) * WorksheetFunction.NormSDist(meena))
ixt = (1 / (r * time)) * (gxt - ((Exp(-r * time)) * qxt))
jxt = (1 / (b * vola * Sqr(time))) * _
(((xt ^ -(a + b)) * WorksheetFunction.NormSDist(d1xt) * d1xt) - _
((xt ^ (-a + b)) * WorksheetFunction.NormSDist(d2xt) * d2xt))
tests1 = vt - (((1 - tax) * c * f) / r) - (((tax * c / r) + _
(alpha * beta)) * (f * (xt ^ -(a + b)))) - _
((1 - (c / r) * f * (((1 - Exp(-r * time)) / (r * time)) - ixt))) _
- ((((1 - alpha) * beta) - (c / r)) * f * jxt)
’Computing First Order and second order Derivative of st wrt to vt
If nexz = 0 Then test1 = tests1
If nexz = 1 Then newst = tests1
If nexz = 2 Then newerst = tests1
Next nexz
’ Restore vt back to original value
vt = vt - 0.0000002
’ ds/dt and d2s/dt2
dst = newst - test1
dsdt = dst / 0.0000001
newdst = newerst - newst
newdsdt = newdst / 0.0000001
d2sdt2 = (newdsdt - dsdt) / 0.0000001
’testing for convergence
test2 = (vola * vt / st) * dsdt
testthree = (r - div) * st
test3 = ((r - delta) * vt * dsdt) + _
(((vola ^ 2) * (vt ^ 2) * d2sdt2) / 2)
If test1 < (st + 2) And test1 > (st - 2) _
And test2 < (vole + 0.02) And test2 > (vole - 0.02) _
And test3 < (testthree + 1) And test3 > (testthree - 1) _
Then GoTo Answer
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